Introduction
The human brain is limited in its processing capacity and thus, being able to anticipate the complexity of upcoming visual scenes may help determine the allocation of processing resources to facilitate information processing. It is well known that top-down attentional control mechanisms can modulate the impact of sensory input on processing in different neural networks, depending on their relevance for the ongoing task 2, 3 . Here it is widely viewed that during top-down control, processes allocate resources to task-relevant regions while functionally inhibiting task-irrelevant regions. This inhibition of task-irrelevant regions happens at the expense of allocating resources to the task-relevant brain region and is believed to be the underlying the cause for the failure to perceive unattended stimuli during tasks involving a high perceptual load 1 . A recent MEG study showed that during a visual search task, auditory evoked brain responses to brief tones as well as tone detection sensitivity were diminished when tones were presented alongside a high visual perceptual load array, as opposed to low load arrays 1 . Here the processing of the high perceptual load array came at the expense of the auditory cortex. However, it remains to be elucidated whether top-down factors, such as expectation of perceptual load, can already attenuate the task-irrelevant areas prior to the onset of the stimuli. While cueing / manipulation of sensory perceptual load has been found to modulate post-target attentional resource allocation 4, 1, 5, 6 , the pre-stimulus neural allocation of resources in anticipation of visual load has rarely been studied. Here we investigated how expectation about perceptual task load in the visual domain, influenced preparatory activity in task-relevant and irrelevant sensory cortices. We were interested in how neural activity in the auditory domain was modulated by expectancy of visual task load prior to task execution and whether these modulations had any relationship to task performance.
A large body of work shows that attention can facilitate processing of task-relevant inputs by increasing the gain of sensory processing 7, 8 . In the visual spatial domain, this is reflected in larger amplitudes of early evoked responses, particularly the N1 over occipitoparietal channels contralateral to the stimulus being processed 9, 10 . In the auditory domain, changes in neural gain in the auditory cortex usually also show in early amplitude modulations over frontocentral electrodes 11 .
In addition to stimulus evoked activity, changes in alpha-band oscillatory activity in preparation for stimulus processing have also been observed to play a pivotal role in the attentional gating of neural activity 12, 13 . Alpha oscillations have been suggested to act as a filter mechanism. They regulate neural excitability in sensory areas and gate sensory information processing as a function of cognitive relevance [12] [13] [14] [15] . Specifically, a number of studies have reported suppression of alpha activity over brain regions that process task-relevant content, while conversely, alpha power is increased over task-irrelevant regions that might interfere with task performance 13, [15] [16] [17] [18] [19] [20] [21] . Moreover, alpha power can be modulated by temporal and spatial expectation in situations of anticipatory attention 12, 22 . It can be increased when participants listen to stimuli under high cognitive load, i.e. presented against noise 23 . In addition a number of studies have observed suppressed alpha power over visual regions and increase of alpha/ beta activity over auditory regions when subjects attended away from the auditory modality towards the visual domain 12, 24, 25 . These findings support an important role of pre-target alpha activity in sensory gating of information during selective spatial or cross-modal attention.
This study's objective was to investigate how top-down expectancy about upcoming visual task load influences the timing and strength of neural activity related to task preparation.
To this end, participants performed a visual search task in which a non-directional multimodal attentional cue manipulated expectancy about upcoming visual task load 5, 26 , while their brain activity was recorded with EEG. This cue consisted of visual and auditory components. We were interested in expectancy-guided modulations of event-related potentials and oscillatory power in the EEG during cue processing and the consequence of this modulation on the filtering of task-irrelevant information and behavioral performance. Specifically, we hypothesized that after audio-visual cues associated with high visual task load, baseline activity in the visual cortex might be enhanced in order to prepare for execution of the visual task, as reflected by decreased alpha band power over visual scalp regions. Similarly, we expected that activity in the task-irrelevant auditory system would be suppressed, as reflected by an increase alpha power over regions associated with auditory processing. In addition, early cue-related ERPs (i.e. N1/P2 reflecting selective attention to cue) and late ERPs (reflecting task preparation) might vary across cue type. Lastly, we expected these cue-related effects to be related to anticipatory attention and to be beneficial for task performance.
Results

Behavioral Results
Benefits of the perceptual load cue for task performance
Reaction times on congruent trials were significantly faster for validly cued high visual load targets compared to invalidly cued (i.e. low perceptual load cue) high load targets. This was revealed through an interaction between cue load*task load*congruency (F(1,15) = 4.75, p = .046) and post hoc bonferroni-corrected paired-sample t-tests, t(15) = -2.60, corrected-p = .020;
see Fig. 2 left panel). Accuracy was more strongly affected by target-distractor incongruency after cues signalling a high visual load (vs. low load cues, Fig. 2 A main effect of congruency shows that task performance was generally faster and more 
EEG Results
Effects of cues signalling likely visual load of stimulus arrays on prestimulus attentional resource allocation: ERPs
We set out to investigate differences in the evoked activity between cues signalling imminent high visual load versus low visual load stimulus arrays. To this end, we examined differences in early cue processing (N1/P2 peak amplitude) and later cue processing in a 1000 ms interval before target onset. The onset of the cue evoked an auditory N1 response at 75 to 125 ms that was maximal at midline central sites, and followed by a late positive complex maximal over posterior cortices. The peak amplitude of the N1 response was more pronounced after low perceptual load cues compared to high perceptual load cues; t(13) = 3.15; p = .0077 (Fig. 3A) .
No significant cue evoked differences in P2 were observed. Cluster-based permutation tests revealed two significant differences between high perceptual load versus low perceptual load cues with respect to the late positive complex (Fig. 3) . First, from 500 to 565 ms over left centroparietal sensors (Cz, C4, CP1, CP2, Pz, P4, FCz, C1, C2, CPz, CP4, P2, PO4), ERPs showed a stronger positivity for high perceptual load cues, t(13) = 39.81; p = 0.0001, Monte
Carlo p-value, corrected for multiple comparisons (Fig. 3B) . Second, averages from 590 to 680 ms interval over parietal sensors (P4, P2, P6, P04) were increased after high perceptual load cues, t(13) = 13.48; p = 0.0001, Monte Carlo p-value, corrected for multiple comparisons ( Fig.   3C ). Post-hoc paired t-tests showed that this latter effect is also significant over a longer interval of 500 to 1250 ms; t(13) = 2.17; p = .049.
Cue-related late posterior positivity correlates with reaction time benefits of the high perceptual load cue
Given that here the late cue-related ERPs were increased for high load cues and the perceptual cue load effect on reaction times was significant in high target congruent trials we performed the following analysis: The late ERPs on high perceptual load cue trials for the two significant clusters were correlated with RT benefit of the perceptual load cue (valid-invalid) for congruent high visual task load trials. ERPs evoked by high perceptual load cues averaged over the second cluster (590 to 680 ms; P4, P2, P6, P04, see with RT benefit of the cue was not significant. 
Time-Frequency
Discussion
In the current study, we investigated how expectancy about visual load in visual search task modulated the cross-modal allocation of processing resources in the visual and auditory domain. To this end, we utilized a visual search task where visual load was manipulated by varying the target letter's similarity to the remaining letters and by varying the letter set size from which flankers were randomly drawn. We manipulated expectancy about the visual load through an audio-visual cue, which signalled the likely visual load of the upcoming stimulusarray. Cue effects on behavioral task performance confirmed that our task manipulation induced the intended expectancy effects (Fig. 2) cues signalling a high-visual load evoked an attenuated auditory N1 response, suggesting resources were being allocated away from the auditory cortex at a very early stage. Expectancy of high visual load was associated with a sustained posterior positivity in the ERPs (Fig. 3B,   3C ) whose amplitude correlated across participants with RT benefits from valid high perceptual load cues (Fig. 4) . This sustained positivity may reflect increased gain of neurons in visual brain regions as a response to (visual) cue evaluation. Such cue-evoked gain increases might boost processing capacity for the upcoming more complex, high-load visual task stimuli.
Finally, we observed that cues signalling a high-visual load induced an increase in pre-stimulus alpha activity (8-16 Hz) over channels where the N1 was the most prominent. These patterns suggest a disengagement of the auditory processing stream. Expectancy about perceptual load may thus have enhanced visual attentional capacity during target processing, perhaps in part through suppression of irrelevant (auditory) processing.
The observed sustained positivity began over frontocentral channels (Fig. 3B) , and over time travelled towards occipital regions, being most pronounced over the (right) visual cortex (Fig. 3C) . Neuroimaging, neural stimulation, and single-unit recording studies suggest that a fronto-parietal network plays an essential role in top-down control of attention [29] [30] [31] [32] [33] [34] and directing attention to relevant stimulus features in preparation of upcoming target information 35, 36 . Specifically, research has shown that the parietal cortex is engaged in shifts of visual attention, and visual stimulus features are encoded via projections to posterior occipital regions 30, 37 . The sustained increases of posterior positivity right after offset of the cue signalling high audio-visual load (Fig. 3C ) might thus reflect switches of attention -possibly across sensory modalities -in the course of adapting the attentional system to the expected high visual load of upcoming targets. This notion is supported by the observed relation of this ERP effect with faster response times. Thus far, cue-locked sustained posterior positivity has been found after target-specific attentional cues (e.g., directing attention to color) that reflect cue interpretation [38] [39] [40] , after cues related to task switch/ task set preparation [41] [42] [43] [44] [45] , and lateralized posterior positivity after directional cues related to visual spatial attention / expectation (e.g.
LDAP by Hopf & Mangun 46 ). Those positive ERPs are typically preceded by negative peaks reflecting location-or feature specific attentional facilitation (e.g. EDAN or switch negativity 7, 39, [46] [47] [48] [49] . Here, expectancy about task load was selectively associated with a sustained unilateral/central positivity. Since, unlike directional or target specific cues, perceptual load cues do not provide direct constraints on target properties, we propose that the underlying meaning of this ongoing positivity (Fig. 3B,C) could be sustained attention to prepare for upcoming visual input. If a cue predicts a complex visual scene, but does not constrain target location or target properties, resources may be allocated for an overall facilitation of visual information processing. Hence, the cueing of upcoming task load might help to preserve our attention in the relevant modality and domain (e.g., visual vs. auditory; global pattern vs. local target attributes).
Task switching studies suggest that the late cue-locked posterior positivity evoked by a task switch cue (e.g., classifying letters instead of numbers) vs. a task repeat cue point towards a dissociation between switch-related and general task preparation subcomponents, with the latter being related to task set reconfiguration [41] [42] [43] [44] [45] . Similar to switching between cognitive tasks, in our experiment preparing for a higher task load might require additional cognitive processing for task set (Fig. 2) . Interestingly, a recent pattern classification study associated pre-target right parietal alpha power activation with task readiness / task preparation, but not with task switching 50 . At a longer latency the sustained positivity observed here was more prevalent over the right (visual) cortex. This could hence suggest that expectancy of high load also induced greater general task readiness, but alternatively could also be explained by dominance of the right hemispheric for directing of visual attention 51, 52 and pre-target attentional biasing 39, 48 .
Expectancy of perceptual load was furthermore associated with an increase in alpha/ beta activity (starting around 210 / 370 ms) over areas that are typically active during selective auditory attention 11 (see Fig. 5 ). Pre-target alpha and beta are known to play a role in top-down sensory gating between modalities 25,53-55 . Therefore, the observed alpha/beta band synchronisation most likely indexes preparatory blocking of auditory processing. This blocking effect in anticipation of high visual load might serve as a means to allocate cognitive resources to the task-relevant visual regions.
It has been shown that alpha suppression can be invoked cross-modally by auditory symbolic cues 24 . Modality-specific attention can limit processing of stimuli in the unattended sensory modality 56, 57 . Directing attention to the visual domain can attenuate auditory processing 58, 59 , and vice versa 24 . In the present study, we observed blocking of task-irrelevant activity if a high visual load was expected. We speculate that while information from both cue modalities might be integrated in anticipation of low visual load, if a high visual task load is expected, task execution draws upon visual cue information and the auditory task-irrelevant modality is suppressed. As a consequence already before task onset more processing resources can be allocated to the task-specific and relevant modality. This interpretation is supported by our ERP results of supressed auditory N1 after high load signalling cues (Fig 3) 60-62 . It is also in line with findings of enhanced alpha power during auditory input (speech) under high cognitive load (noise) 23 . Altogether these findings support the notion that alpha synchronization reflects active attentional suppression, and can act as a supramodal mechanism for gating auditory and visual information processing.
Interestingly, we did not observe enhanced alpha suppression over visual areas in preparation for a high visual load. In accordance with findings of Sy et al. 5 , if a low task load was expected, attentional capacity might have been used for deeper cue processing (and possible integration of modalities). Yet this is not what was observed and we cannot draw any conclusions based on our data.
In summary, anticipation of task load can prepare the attentional system and thereby modulate resource allocation and task execution. For complex visual tasks, non-spatial warning cues that announce high upcoming visual load may also guide attention by attenuating neuronal processing in task-irrelevant auditory areas and thereby facilitate visual stimulus processing.
Providing aids to prepare for the difficulty of an upcoming task thus seems an efficient means to overcome neural processing limits in situations with complex visual input.
Methods
Participants
18 right-handed volunteers were paid 10 €/h for their participation (6 male, mean age = 23.1, age range: 18-27).
Participants reported no neurological impairments or any other psychiatric disorders and normal or corrected to normal vision. All participants signed informed consent documents before the experiment. The experiment conformed with World Medical Association Declaration of Helsinki, and was approved by the research ethics committee of the University of Amsterdam. presented against a black background in the lower visual field on an arch 3.34ᵒ from the center (3.34ᵒ, 3.10ᵒ, and 2.86ᵒ from fixation and 1.91ᵒ from each other). Flanker identity was randomly selected from a set of letters with set size depending on visual task load. The search display also contained one distracting letter (white, 0.71ᵒ) which was presented in the lower visual field 2.39ᵒ to the left or right of fixation (with 0.95ᵒ distance from horizontal meridian).
Design and Procedure
Apparatus and Stimuli
We utilized a paradigm similar to the visual search tasks applied in Lavie and Cox 63 and Sy et al. block. An example sequence of a high load and a low load trial is illustrated in Fig. 1. 
Experimental Procedure
Each trial started with the load cue for 500 ms, which predicted the visual task load of the upcoming search display. Then the white fixation circle appeared on the screen for 1000 ms. It was followed by a high or low load search display consisting of six letters presented in an arch below the fixation circle for 250 ms. Only the white fixation circle was shown for another 1250 ms while participants responded to the stimulus by button press. To indicate the end of this response interval (of 1500 ms) an exclamation mark was presented at center at the end of each trial. Each participant performed eight blocks of 120 trials each. Participants were asked to report whether the target letter was an X or N, to ignore the distracting letter and to maintain fixation throughout the trial. We also emphasized to make active use of the information provided by the cue on each trial.
Electrophysiological Recordings
EEG was recorded using a WaveGuard 10-20 cap system developed by ANT, with 64 shielded Ag/AgCl electrodes (Advanced Neuro Technology B.V., Enschede, NL). To record horizontal and vertical EOG, electrodes were applied to the outer canthi of the eyes and between supraorbital and infraorbital around the right eye. EEG was continuously sampled at 512 Hz with an online average reference. All recordings were done with ASA software (Advanced Neuro Technology B.V., Enschede, NL).
Data Analysis: Effects of Cue Load
Two participants' accuracy rates were below 55% and their data were excluded from the analyses. The EEG data of two additional participants were excluded from the EEG analyses due to extensive movement artifacts. Trials with correct responses to targets were assigned to different conditions based on perceptual cue load (i.e., high vs. low), visual task load (high vs. low), and target-distractor congruency (congruent vs. incongruent).
Behavioral Analysis
For all conditions, accuracy rates [accuracy = number of correct trials/ (number of correct + incorrect trials)] and reaction time of correct trials were calculated. Two repeated-measures (RM)ANOVAs were computed in IBM SPSS (v.20.0) to test the effects of cue load, task load, and flanker-target congruency on reaction time, and accuracy.
EEG Data Analysis
To remove artifactual activity, EEG signal pre-processing was performed using EEGlab 13.3.2b 64 . The data were band-pass filtered between 0.1 and 40 Hz, epoched into 4000 ms windows, and time-locked to the search target stimulus (-2000 to 2000 ms). Subsequently, epochs were checked for large artifacts. Baseline correction was performed using the 100 ms interval before target presentation. Independent component analysis (ICA) was used to detect and remove ocular artifacts and other biological noise sources. We applied the "runica" algorithm, implemented in EEGlab, using the logistic infomax ICA algorithm 65 and principal component analysis (PCA) dimension reduction to 30 components. On average 4.14 components were removed. Remaining trials that still contained nonbiological artifacts with amplitudes exceeding ±100 μV, were excluded from the analysis. The mean percentage of rejected trials across subjects was 4.55%. To investigate the effects of expectancy about visual task load, we focused on contrasting high load cue with low load cue condition.
Analysis of Event-Related Potentials
ERPs were computed and baseline corrected based on the interval 100 ms prior to cue onset (-1600 to -1500 ms relative to target onset) for all correct trials for both cue types separately. To determine peak latency for early (N1/P2) effects, fixed time intervals were chosen based on the grand-averaged data. Statistical analysis was limited to channel(s) where the overall mean peak amplitude was maximal. The selection of the electrodes was based on aggregated grand average data collapsed over conditions 66 . In addition to the analysis of early cue effects, we also investigated later effects of attentional cue processing. ERPs of the time interval -1000 to 0 ms relative to target onset (equivalent to 500 to 1500 ms after cue onset) were analyzed using a cluster-based randomization test 68 . Effects were verified by t-tests on the data averaged over identified time intervals and clusters and statistics are reported in the results section.
To assess the relation between cue-related amplitude modulations and speed of correct target discrimination, for each participant the Spearman correlation between ERP amplitudes averaged over the location and period of interest and subsequent reaction time benefit of the cue was calculated using MatLab (version 2013b,
The MathWorks Inc, Natick, MA, USA). Statistical significance of correlation coefficients was assessed by ttests. For all statistical tests we used an alpha level of 5% as the statistical criterion.
Time-Frequency Analysis
A time-frequency decomposition of the EEG data was performed to investigate the temporo-spectral dynamics of oscillatory modulations by cue load. Time-frequency representations (TFR) of power from 2 to 40 Hz in steps of 1 Hz were obtained per trial using a sliding Hanning window of steps of 50 ms with an adaptive size of three cycles over the data (ΔT = 3/f), using the Fieldtrip software package 67 . Similar approaches were used by Jensen et al. 15 and Mazaheri et al. 69 . Statistical analyses were conducted separately for each of the frequency bands: low theta (3-5 Hz), high theta (5-7 Hz), alpha (8-12 Hz), high alpha/low beta (12) (13) (14) (15) (16) , and beta (16) (17) (18) (19) (20) . This classifications of frequency bands were based on prior literature as well as looking at the grand average cue-locked time frequency spectra collapsed across conditions 22, 25, 70, 71 . From those frequency bands, power values of the prestimulus time period (-1300 to 0 ms) were subjected to cluster-level randomisation tests 72 to statistically evaluate the effects of high vs. low perceptual load cue presentation on neural oscillatory activity. This test contrasted both cue conditions for a high number of channel-time pairs; and to control for multiple comparisons the cluster randomization procedure was used 68 . Two-tailed independent t-tests were computed for individual channel-time pairs and thresholded at 5% significance level. Significant pairs were clustered by direction of effect and spatial proximity using the 'triangulation'-method (which defines neighbouring sensors based on a twodimensional projection of the sensor position). We computed the sum of all channel-time t-statistics in each cluster. To assess significance at cluster-level the resulting individual cluster statistics were each compared to a randomization null distribution. This was the distribution of the channel -time pair test statistics under the null hypothesis that both conditions remain the same after 1000 grand-average randomizations of the conditionspecific averages. We used the proportion from the randomization distribution in which the maximum cluster- 
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